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Abstract

Thispaperquanti estheinformationgainedin integrating
local measuementausingspectal graph partitioning. We
employa large datasetof manually sgmentedimagesin
order to learn an optimal af nity functionbetweemearby
pairs of pixels. Ragion cuesare computedas the similar-
ity in brightnessgolor, andtexture betweerimage patdes.
Boundarycuesare incorporated by looking for the pres-
enceof an “intervening contour”, a large gradientalong
a straight line connectingwo pixels. We thenusespectal
clusteringto nd an approximateminimizerof the normal-
izedcut, partitioning theimage into coheentsegments.

We evaluatethe poweroflocal measuementsandglobal
segmentationsn predicting the location of image bound-
aries by computingthe precisionandrecall with respecto
thehumangroundtruthdata. Theresultsshowthat spectal
clusteringis successfuin suppessingnoiseand boosting
weaksignalsover a wide variety of natural images.

1. Intr oduction

Researcton early vision problemssuchas edgedetection
andimagesggmentatiorhastraditionally beencritiquedon
thegroundsthatquantitatve measurementsf performance
arerare.lt is thereforedif cult to evaluatethe effect of dif-
ferentdesignchoicesandthe superiority(or inferiority) of
variousnovel heuristicsthathave beenproposedn the lit-
erature.Recentlythe availability of the Berkeley Segmen-
tationDataSe{13,4] hasallowedthe quantitatve measure-
mentof performanceon boundary nding [12] andtherel-
ative power of variouspairwisesimilarity cues[6]. While
thisis, of course hotthe rst exampleof quantitatve mea-
surementin sggmentation(seefor example[1, 3, 9]) the
availability of this large datasetcontaininga wide variety
of imagesandsegmentationdy multiple humanobsenrers
(11,0000 segmentationsof 1000 images), allows one to
draw conclusionswith greater’statisticalcon dence”. For
example ,understandingherelatveimportanceof colorand
texture in grouping,or the nding [6] that proximity pro-
videsnosigni cant additionalinformationaboutthecorrect
groupingoncetexture andcolor have beenmeasured.

In recentyearsamajortrendin earlyvisionhasbeenthe
developmentof approacheto segmentatiorbasedon pair-
wise clusteringsuchasspectralpartitioning[26,27,17,23,
24,16], deterministicannealing/18], or stochasticluster
ing [7,14]. Typically someglobal costcriterionis formu-
latedwhich is composedf pairwisesimilaritiesmeasured
betweenimagepixels or regions. However, the mostbasic
questionin this contet is, "Do theseglobal formulations
help?”. Theintuition is thatlocal measurementare noisy
and integrating them globally might give much betterre-
sults,but is this actuallytrue? The purposeof this paperis
to useground-truthhumansegmentationgo provide some
answergo this question.

Here we have a fundamentalchallenge, global ap-
proachegypically outputa “hard” partitioning of the im-
ageinto disjoint pieceswhile local measurementare usu-
ally some“soft” measuremenof the edginessat a pixel
or the similarity of two pixels. Our solutionis to work
in the framework of edgedetectionand projectthe much
more complicatedstructuresthat are sgmentationsdovn
into this space,nessing roundpeg into squarehole.

A “soft” edgemapcanbeevaluatedby choosingarange
of thresholdsand recordingthe trade-of betweenPreci-
sion, the probability that an above thresholdpixel is on a
trueboundaryandRecallthe probabilitythata true bound-
ary pixel is detected. The resultingprecision-recalcurve
characterizeshe performanceof a detectorindependently
of parameterizatiomnd shawvs the regime in which a par
ticular detectomperformswell relative to others.In the case
of a sggmentation,we have only a single point but if the
boundariegivenby successie sggmentationsn asequence
fS1;Sy;:::garenestede.g.S; is astrictre nementof S;)
thenthe sequencéndex t givesa discreteparameterization
andhencea curve of sorts.

In this paperwe will focuson evaluatingthe bene t of
globalizationin the normalizedcut framework [26] using
multiple eigervectorsof the normalizedLaplacianof the
afnity matrixin orderto nd partitionsof theimage. The
paperis organizedas follows. In Section2, we develop
the pairwisecuesusedfor sgmentingnaturalimages. In
Section3, we review spectraklusteringanddiscusshow to
treatintermediateresultsasa soft boundarymap. Finally,
in Section4 and5 we evaluatethe performancegainsin go-
ing from raw boundarycuesto segmentations. Section6
concludes.

2. Local to Global using Spectral Clus-
tering

LetthesymmetriomatrixW 2 N N denotetheweighted
adjaceng matrix for a graphG = (V;E) with vertices
V and edgeskE. [or disjoint vertex setsA and B, de-
ne cutfA;B) = 5,528 Wi pLet Wl(A) of aver
tex setA bede nedasvol(A) = ,,, . W; . Thek-
way normalizedcut for a disjoint partition 011 the vertex set
V=WVt Vbt Vat :::t V isthengivenby

cut(Vi; V)
= Vol(V)
ShiandMalik [26] shaved thatfor bi-partitioning,an ap-
proximatesolutionmay be obtainedby scalingandthresh-
oldingtheeigervectorcorrespondingo thesecondgsmallest
eigervalue of the normalizedLaplacianL = D ¥2(D
W)D E? whereD is the diagonalmatrix with entries
Di = ; Wj . YuandShi[22] andBachandJordan[2]
shaw thatthetrailing k eigervectorsof L similarly provide
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Figure 1: This precision-recallcurve shavs the performance
of threedifferentclassi®erson the taskof predictingwhena pair
of pixels lie in the samesegment. Combiningthe intervening
contourcue(ic) andtheregion similarity cue (patchesyesultsin
everywhere-betteperformanceThisimpliesthereis independent
informationin eachcuewhich the classi®eris ableto exploit.

a relaxationof the k-way criterion. Eachelementof V is
associateavith anentryin eachof the k eigervectorsgiv-
ing anembeddingf thegraphin ¥ (if the columnsof E
aretheeigervectorsof L thentherows of E aretheembed-
ding vectors).The hopeis thatthe distancedetweerthese
embeddedpoints provide a denoisedversionof their raw
af nities makingthemmucheasietto cluster Thequestion
of “how mucheasier”is exactly whatwe wish to quantify
To applythis techniqueo realimagesrequiresdevelop-
ing alocal modelof similarity betweerpixels. We assume
that the entriesin Wj; shouldbe a monotonicfunction of
thelikelihoodthattwo pixelslike in the samesggmentS;; .

We considerthefunctionalform
|

4
Wi = exp —- 1)
where is afree parametesetby cross-alidationand S

is t by ourlocal probabilisticmodel § which we describe
next.

3. Optimizing Local Cues

For eachpair of pixels,we would lik e to estimatethe prob-
ability thatthey belongto the sameseggment. Basedon the
work of [6], we uselow-level measurementthat describe
thelocal neighborhoodiroundeachpixel aswell asthe ex-
istenceof contoursin the imageplaneseparatinghe two
pixels. Our novel contribution hereis to adaptthe support
of local measurement® the estimatecdboundarymap.

The pairwisesimilarity betweenthe i-th andj -th pixel
is given by a function whoseargumentsare the similarity
betweerthei-th andj -th local descriptorsandthegradients
alongthe pathfrom i andj. Both the patchandgradient
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Figure2: Clippingthesupportof a patchusingthelocal bound-
ary estimateallows a signi®cantimprovementover usingisotropic
support.Thisis becausgatchesho longerspanlocally detectable
boundariesandhencearelesslikely to be 2poisonedby texture
andcolorfrom morethanonesegment.This®gurealsodocuments
bene®tof color. Clipping grayscalgratchesactuallyallows them
performbetterthanunclippedcolor patches.

Clipping and color improve combined cues
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Figure3: Whentheinterveningcontourcue(ic) is included,the
jumpin performancdrom clippedto unclippedpatchess signi®-
cantlylessbut still present.



cueshave free parametersuchas the the numberof his-
togrambins, scaleetc. We choosetheseparametersising
coordinateascento optimize performanceof eachcuein-

dividually on the testdata. We now describehow the cues
arecomputed.

3.1. Gradient Features

Given a pair of pixels, considerthe straight-linepath con-
nectingthemin theimageplane.If thepixelslie in different
segmentsthenwe expectto nd, someavherealongtheline,

a photometricdiscontinuityor interveningcontour[10]. If

no suchdiscontinuityis encounteredhenthesimilarity be-
tweenthe pixelsshouldbelarge.

In orderto computethe interveningcontourcue,we re-
quire a boundarydetectorthat works robustly on natural
images. For this we employ the gradient-basetboundary
detectorof [12] (availablehere[4]). The outputof the de-
tectoris a R, imagethatprovidesthe posteriomprobability of
a boundaryat eachpixel for both color and grayscalem-
ages. The gradientfeaturesusedby [12] to predictR, are
basedon the histogramdifferencebetweenthe two halves
of a singledisc, similar to [21,20]. The orientationof the
dividing diagonalsetsthe orientationof the gradient,and
theradiusof thediscsetsthescale.All of theparametersf
thegradientdhave beentunedby [12] onthesamedataseto
optimally detectthe boundariesnarked by the humansub-
jects.

3.2. Patch Features

Givena pair of pixels,we alsowish to measurehe bright-
ness,color, andtexture similarity betweencircular neigh-
borhoodsf someradiuscenteredat eachpixel.

We model brightnessand color distributions with his-
togramsconstructedby binning kernel density estimates
of mamginalsin the 1976 CIE L*a*b* color space. His-
togramsarecomparedvith the 2 histogramdifferenceop-
erator[19]. The 2 histogramdifferencedoesnot make use
of the grounddistancebetweenthe bin centers. Because
the distancebetweenpointsin CIELAB spaceis percep-
tually meaningfulin a local neighborhoodbinning a ker-
neldensityestimatevhosekernelbandwidth matcheghe
scaleof this neighborhoodneansthat perceptuallysimilar
colorswill have similar histogramcontritutions. Beyond
this scale wherecolorsareincommensurate,? will regard
themasequallydifferent.

For the patch-basetkxture feature we comparehedis-
tributions of lter responsesn the two discs. Our lter
bank containselongatedquadraturepair lters—Gaussian
secondderivativesandtheir Hilbert transforms—asix ori-
entationsalongwith a centersurround Iter. The empiri-
cal distribution of Iter responsesiasbeenshavn to be a
powerful featurefor both texture synthesig8] andtexture
discrimination[18].

We comparelter distributionsusingthetextonapproach
developedin [11]. Thejoint distribution of Iter responses
is estimatedusingadaptve bins, which arecomputedwith
k-means.Thetexture descriptorfor a pixel is thereforea k
bin histogramoverthetextonlabelsin adiscof radiusr cen-
teredonthe pixel. Hereagain, comparinghistogramsising
the 2 differencemeasur@rovidedoptimalperformancen
thetrainingdata.

Patchescomputedn thisway accuratelycapturesurface
appearancaslong asthepatchcenteris farfrom ary image
boundary In orderto preventpatchhistogramsrom being
contaminatedvhenthey overlaptwo or moreregions, we
consideradaptingthe patchsupportto respectimagegra-
dients. Clipping patcheds accomplishedy weightingthe
histogramcontritution of eachpixelin the circularwindow
with theinterveningcontourfrom the centerpoint.

3.3. Evaluating Pairwise Features

We would like to t pairwisesimilaritiesindependentlyof
later processing.To this end,we formulatethe problemof
optimizing the pixel similarity function as a classi cation
problemof discriminatingsame-sgmentpixel pairsfrom
different-sgmentpairs. Let S; be the true same-sgment
indicatorsothatS;; =1 whenpixelsi andj arein thesame
sggment,andS; = 0 whenpixelsi andj arein different
sggments.

To evaluateproposedpairwise similarities, we use hu-
man segmentationgor 200 color imagesasa training set.
Eachimagehasbeenseggmentedby at least5 subjects so
thegroundtruthS; is de ned by a setof humansegmenta-
tions. We declaretwo pixelsto lie in thesamesegmentonly
if all subjectdeclarethemto lie in the samesegment.

Given a classi er's estimateéij , we comparewith the
humansegmentationausing precision-recall. In this task,
precisionmeasureshe probability thattwo pixels declared
by theclassi erto lie in the sameseggmentweremarked as
suchby thehumansj.e. (S; :ljéij >t). Recallmeasures
the probability that a pair of pixels marked by the humans
aslying in thesamesggmentwheredeclaredassuchby the
classierie. ($j>tjS;j=1).

Figuresl,2,and3 documenthe performanceof our best
pairwisecuesfor classifyingpixel pairswhich arewithin a
distanceof 20 pixels. In all caseswe t asimplelogistic
functionto thedata.Figurel shavsthatpatchandinterven-
ing contourcuesin combinationdominateeachcue indi-
vidually, shawving thateachcontainsindependeninforma-
tion. Figure2 shaws thatclipping patchegreatlyimproves
patch performance.Figure 3 shows that the performance
gain from clipping wheninterveningcontouris includedis
lessbut still present.

4. Evaluating Eigervectors

Oncewe have pairwise af nities, we can computeeigen-
vectorsof thenormalized_aplacianasdescribedn Section



2. We would like to utilize the embeddinggiven by these
eigervectorgto partitiontheimage.Severaltechniquehave
beenproposedsuchas thresholdingthe secondeigervec-
tor [25], recursve bi-partitioning, or running k-meanson
the embeddegoints[11,16]. Theseproposedechniques
for roundingthe eigervectorsto a discretesolutionall rely
on pointsin differentclustersbeing placed“f ar apart” by
theeigervectorembedding.

To evaluatethe eigervectorsin away thatis independent
of lossesor gainsdueto a particularroundingschemewe
reshapé¢hesetof eigervectorsE into avectorvaluedimage
andmeasureheextentto whichboundariebetweerhuman
marked segmentscorrespondo high gradients. For each
pixel, we computethe directionin which the vectorvalued
imagegiven by the eigervectorsis changingmostquickly.
Thegradientmagnituden adirection atapoint(x;y)

X
MGy )= (sin( )@Ei(xy) + cog Y@Ei(x; ¥))*

is aquadratidunctionof thederivativesof eachembedding
vectorin thex andy directions.The for whighM is max-

imal clgmbefoundin closedform. Let gy = i(@Ei)z,
g, = (@E)% andgy = ;(@E)(@E;). Thenthe
maximalmagnitudes givenby
M?7(y) = maxM(xy; )
q

1
5 Kot (% g)+Agy
Thedirectionis given(modulo ) by

? _ }tan 1 20y

2 Y

In order to evaluate how well this gradient image
M ?(x; y) describesheimageseggmentswe usethe bound-
ary detectionbenchmarklocated here [4]. The bench-
mark rst thins the detectedboundariesfor a given im-
age and then attemptsto put them in 1-to-1 correspon-
dencewith boundariesmarked by humanobserers. The
aggreate goodnesf this match can again be displayed
as a precision-recallcurve. In this case,precisionmea-
suresthe probability that a pixel declared‘on boundary”
for a given thresholdt is in fact on a true boundary i.e.

(B(x;y) = 1jM ?(x;y) > t) whereB is theindicatorof
humanmarkedboundariesRecallmeasurethe probability
thata true boundarypixel is detectedj.e. (M ?(x;y) >
tiB(x;y) = 1).

Figure4 shaws the effect of the numberof eigervectors
on performance . The resultshovs sometrade-of between
decreasegrecisionandincreasedecall which appeardo
level off at 8 eigervectors,after which more eigervectors
only introducenoise.We choosenvec = 8 for theremain-
derof the paper
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Figure4: Increasinghe numberof embeddingrectorsusedin-
creasesherecallbut eventuallyhurtsthe precision.
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Increasingthe connectvity radiusimproves perfor



Changing the non-linearity parameter
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Figure6: Decreasing parameteimprovesperformance
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Figure7: Theglobalizedboundariegpresentn the eigervectors
provide higherprecisionthanPbin the high-precision low-recall

regime. It's alsointerestingto note that the differencebetween
globalizedcolor andgrayscalds muchlessthanbetweerthe raw

colorandgrayscaléoundarydetector Humansaresimilarly able
to performconsistensggmentatiorwith or without the bene®tof
color.

Figure5 shaws the effect of connectity radius. Com-
putationalconstraintslemandhatwe useonly sparsecon-
nectionsin thematrix W . Somehave arguedthatonly very
local connectionshouldbe usedsincecuesareunreliable,
however, this resultsin large homogeneousegions being
penalized.Theresultshavs thatincreasedonnectionden-
sity generallyimproves the contrastof boundariesn the
embeddingout comesat the costof computatiortime. We
choosdlthr esh = 20for theremainderof the paper

Figure 6 shows the effect of changingthe in equa-
tion 1. With somesurprise we wereunableto nd alocal
minima. It appearghatthe smallerwe male the better
performanceup to the point wherethe eigensoler fails to
converge in some x ed numberof iterations. We choose

= 0:1 for theremaindeof the paper

Figure 7 shaws the gain in performanceover low level
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Figure8: This ®gure shavs the lack of useful°globalization®
we obseredin aMRF modelof pairwisesegmentation Herehid-

denvariablestook on a discretesetof valuesandpairwisepoten-
tials betweennearestneighborsi andj were given by Wj us-
ing the intervening-contourcue. Generalizedelief Propagtion

(asin [14]) yieldedestimate®f the pairwisecorrelationdbetween
neighboringpixels which were interpretedas the probability of

non-boundary We wereunableto ®nd a temperature atwhich
the pairwisemamginalsgave betterestimateshanthelocal bound-
ary detector The blue curwe, plotted for comparisonshaws the

availability of usefulinformationin theleadingeigervectorsusing
thesamenearest-neighbaraphandpairwise af®nities.

cuesaswell asthe gain in combiningcues. The principle
conclusionis thatin the low-recall, high-precisionregime
thereis a clearimprovementasresultof the globalization
provided by computingthe eigervectorsof the normalized
Laplacian. In this regime, normalizedcutsis successfuin

suppressin@iigh-contrastlutterwhichwould misleada lo-

cal operator However, the precision-recalturve basedon

eigervectorscrosseghat cune given by the local bound-
ary operatot(R,) sothatin thehigh-recall/lav-precisionthe
performanceof the local boundarydetectoris better Intu-

itively this cross@er canbe explainedby the biasthatnor

malized cuts hasagainst very small regions. Whenthese
existin imagesthey will leadto edgesvhich aremoreeas-
ily foundby thelocal boundarydetector

A moresubtleobsenation canalsobe madefrom these
graphs.The useof color signi cantly improvesthe perfor
manceof a local boundary nder. However, whenthese
measurementare pipedthroughthe machineryof spectral
clusteringthis differenceessentiallydisappears.

4.1. Comparisonwith Mark ov Random Fields

Shental et al recently proposed[14, 15] a probabilistic
modelfor pairwiseclusteringin which a discreterandom
variable X; correspondingo the sgmentlabel of the ith

pixel is linked to neighboringpixels by image dependent
pairwisepotentialfunctions j (X;;X;). The probability



of asegmentations thengivenby the MRF:

1Y
(X):Z i (Xi;Xj)

hij i

This model naturally accommodateshe same pairwise
af nities we usefor normalizedcuts.® We set

. _ 1 Xi = Xj
G = e Si=) Xi6X;
wherethe parameter is commonlyreferredto asthetem-
perature. As proposedin [14], we use generalizedbe-
lief propagtionto infer the mamginal correlationsbetween
neighboringnodes.Thesecorrelationsareeasilytreatedas
a soft boundarymap which canthen be comparedto the
localboundarydetector

Figure 8 shaws the resultingperformanceover a range
of temperatures. We nd thatthe correlationsestimated
by belief propagtion aregenerallyworseat predictinghu-
manmarkedboundarieshanthelow-level, “un-globalized”
measurementgrigure 8 shawvs thatthe eigensoler is able
to squeezeut additionalinformationeven whenrestricted
to nearesnheighborconnectionglthr esh = 1.

5. Evaluating Segmentations

Now we turn to the task of usingmultiple eigervectorsto
partition an imageinto regions. Several techniqueshave
beenproposedncludingthresholdingheeigemvectorg25],
recursve bi-partitioning,or runningk-meansontheembed-
dedpoints[11,16].

In this paperwe have evaluatedatwo stagestrateyy sim-
ilar to thatof [11]. First, usek-meansor somevariantto
producean oversgmentation(we call thesesegmentssu-
perpixeld. Thencontractthegraphsothateachnodein the
contractedgraphcorrespondso a segment. Finally, recur
sively partitionthe contractedyraph.

Theresultsof thisprocedurareevaluatedn Figure9 by
treatingthe segmentboundarie@sedgedo becomparedo
the humanground-truthboundaries. The cloud of points
on the graphshaw the precisionandrecall of the oversey-
mentationfor eachof 200images.The desiredpropertyof
an overs@mentationis that it hashigh recall so that few
boundariearemissed.

Theoreticalconsideration$16,22] suggesthatthe em-
beddedointsshouldbeprojecteddovn ontothespherebe-
fore clustering. We found that spheringhad no signi cant
effect on performancdor thetaskof oversgmentation.

1t is importantto notethatthe §ij we learntreatsthe pixel pairsas
iid samples.This doesnot necessarilyassignthe maximallikelihood to
the humansggmentationsinderthe MRF model. Instead the logistic pa-
rametershouldbeiteratively re-estimatedvith respecto theexpectations
givenby theMRF in ordermaximizethejoint likelihood. This tuningmay
giveimprovementsover the performanceve documentere.

Pb vs Eigengradients vs Segmentation

051

Precision

0.25F

oversegmentations P=0.615 R=0.654
—e— rec. split, P=0.730 R=0.530
—+— rec. split + trans. closure , P=0.741 R=0.524
—— patch+ic : color

raw pb : color

0 0.25 0.5 0.75 1
Recall

Figure9: This ®gure shaws thatin passingfrom gradientsof
eigervectorsto sggmentationsye areableto maintainhigh preci-
sionin identifyingtrueboundariesThecloudof pointscorrespond
to theinitial oversgmentationgor the setof images.Thered( )
cune shaws the resultsof recursvely splitting the graphcorre-
spondingto this oversgmentationThe blackcurve (+) shavs the
resultsof the sameprocedureusingweightswhich have beenex-
tendedby settingunde®necedgedetweera pair of superpielsto
bethe averageof thede®nedweights.

5.1. Extending W

As mentionedearliet computationalconstraintsmale it
necessaryo arti cially settheconnectiorbetweerfaravay
pixelsto 0 in orderto introducesparsity It is well knowvn
[5, 14] that this introducesartifactsinto segmentationsin-
tuitively, thek-way normalizedcut consistof termswhich,
for local connectionpatterns,scalesasthe perimeterover
the area. In the spectralrelaxation,this manifestsitself
aseigervectorswhich oscillate (like the modesof a drum
head).

We considerthe following procedureor extendingWij;
by lling invaluesfor longrangeconnectionsFor eachpair
of pixelsi andj which arenot connectedy an edge,we
addanedgewhoseweightis the meanof the assigneaton-
nectionsbetweernthesuperpixlscontainingi andj respec-
tively. This is computationallyfeasiblebecauseall these
newly introducededgesareimmediatelycollapsednto the
contractecedge.

Figure 9 shaws the curves for recursvely partitioning
boththe contractedyraphandthe extendcontractedyraph.
They shav thatextendingW improvesperformancen the
mid-recall/mid-precisiomegime.

Thelasttwo pagesshav our resultson the rst 120im-
agesfrom the BSDS. Here the recursve partitioning was
terminatedwvhenno seggmentcould be split with a normal-
izedcut scoreof lessthan1:15



6. Conclusions

In this paperwe have presented quantitatve evaluationof
thebene t of globalinformationin the spectrabartitioning
frameawork over a purelylocal approactto boundarydetec-
tion. The adwantageis small but signi cant. However, it
is primarily in the high-precisionlow-recallregime. In the
high-recallregime, local boundarydetectionis actuallysu-
perior, perhapsasa consequencef the biasin the normal-
izedcutcriteriontowardsbalancedegments.Thissuggests
researcton multi-scalesggmentatiorstratgiesasaway to
provide “the bestof bothworlds”.

The othermajor take-homelessonis thattheredo exist
segmentationstratgies that malke closeto optimal use of
theembeddingrovidedby theeigervectors.Thisis impor
tant becauset opensup the possibility of high-level pro-
cessingechniqueghatrequirea disjoint partitioningof an
imageinto sggments.
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